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ABSTRACT 
This thesis investigates the robustness of the Fama and French Three-Factor-
Model on the Greek stock market for the period July 1999 to June 2009. It 
continues the out of sample tests of the model conducted by Malin and 
Veeraraghavan (2004). The test follows the time series regression approach of 
Black, Jensen and Scholes (1972). Monthly portfolio returns are regressed on 
three factors (market, size, BE/ME ratio). We document negative excess market 
returns probably because of the two major bear market rallies that took place in 
the beginning and in the ending of the sample period. We also find a big firm 
effect in contrast to Fama and French (1996) and Malin and Veeraraghavan 
(2004) who observe small firm effects. Finally, we observe a value effect that is 
consistent with Fama and French (1996) findings in the U.S. market. However, 
the portfolios constructed under this model have insignificant market, size and 
value premia, a finding that seriously questions the validity of the model in the 
Greek market. In addition, diagnostic tests of the model reveal serious flaws that 
should be addressed before reaching safe conclusions. Further testing across 
subperiods should be conducted in order to check parameter stability because 
there are many indications that structural breaks have taken place during the 
sample period. For the time being we suggest the model not to be used for 
making investment decisions in the Greek stock market. 
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1. INTRODUCTION 
An investor is faced with a choice from among an enormous number of assets. 
When one considers the number of possible assets and the various possible 
proportions in which each can be held, the decision process seems 
overwhelming. Fortunately, there are basic principles underlying rational 
portfolio choice that help decision makers to structure their problems in such a 
way, that they are left with a manageable number of alternatives (Elton et al: 
2007). 
All decision problems have common elements. They all involve the delineation of 
alternatives, the selection of criteria for choosing among those alternatives and 
the solution of the problem. Furthermore, individual solutions can often be 
aggregated to describe equilibrium conditions that prevail in the marketplace. 
Under certainty, these problems become simple. One has to define investor’s 
opportunity set and indifference curves in order to reach a solution. Constrained 
optimization is a sufficient tool to solve investment problems under certainty. 
However, uncertainty does exist in the real world. Asset pricing theory tries to 
understand the prices or values of claims to uncertain payments. To value an 
asset in an uncertain world, we have to account not only for the delay (time value 
of money) but also for the risk of its payments. Corrections for risk are very 
important determinants of many assets’ values (Cochrane: 2005). The existence 
of risk means that the investor can no longer associate a single number or payoff 
with investment in any asset. The payoff must be described by a set of outcomes 
and each of their associated probability of occurrence, called a return 
distribution. The two most frequently employed attributes of such a distribution 
are expected return and standard deviation. 
1.1.Modern Portfolio Theory (MPT) 
Portfolio analysis is concerned with finding the most desirable group of 
securities to hold, given the properties of each of the securities. Investors want to 
maximize their utility achieving the optimum risk/return trade-off. Harry 
Markowitz (1952) managed to convert the investment process to a two-
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dimensional, statistical problem. The needed inputs were the expected returns of 
securities and their variances/covariances. According to utility theory, investors 
seek maximum return with risk held constant and, inversely, minimum risk with 
return held constant. The degree of risk aversion of an individual investor 
defines the utility function and the shape of indifference curves. The point of 
tangency between an indifference curve and the opportunity set gives the 
solution of the asset allocation problem. This is shown graphically in the figure 1 
below. An interesting finding on portfolio theory is that the risk of a portfolio is 
not a simple average of the risk on individual assets. Portfolio risk depends on 
the covariances between pairs of assets and can be substantially reduced with 
proper allocation. This process which is called diversification, offers one of the 
few free meals in economics. 
 
FIGURE 1.   Optimal Portfolios of Individual Investors 
Source: http://dyutita.blogspot.com/2007_09_01_archive.html 
Unfortunately, mean-variance portfolio theory makes some restrictive 
assumptions. First, it assumes that all investors are risk averse. Second, it is 
further assumed that the investor’s risk/return preference can be described via a 
quadratic utility function. The effect of this assumption is that only the expected 
return and the volatility (i.e., mean return and standard deviation) matter to the 
investor. The investor is indifferent to other characteristics of the distribution of 
returns, such as its skew or kurtosis. Another assumption is that asset returns 
are intertemporally independent. Then the best forecast of tomorrow is the price 
of today and returns follow a martingale process. The result is that expected 
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return equals the mean of historical returns. Finally, variances/covariances are 
assumed constant through time, so they are calculated from historical values. 
One major weakness for the mean-variance analysis to be used in practice is that 
requires gigantic amounts of input data and large amounts of computation time. 
Furthermore, the input data are in a form to which the security analyst and 
portfolio manager cannot easily relate. So the problem of implementing portfolio 
theory emerged in the investment and academic community. Simplification of 
the amount and type of data, and the computational procedure was essential to 
perform portfolio analysis. The biggest obstacle was the computation of the 
correlation structure of security returns. Financial analysts’ ability to directly 
estimate correlation structures is severely limited by the nature of feasible 
organizational structures and the huge number of correlation coefficients that 
must be estimated. Recognition of this has motivated the search for the 
development of models to describe and predict the correlation structure 
between securities (Elton et al: 2007). 
1.2.The Single-Index Model (SIM) 
The most widely used technique for forecasting correlation structures assumes 
that the co-movement between stocks is due to a single common influence or 
index. It is called the Single-Index Model (SIM) and is also used in efficient 
market tests and in equilibrium tests, where it is called a return generating 
process. SIM assumes that the single common influence that affects all stock 
returns can be represented by the return of a market index. According to this 
model, the return of any stock can be decomposed into the expected excess 
return of the individual stock due to firm-specific factors, commonly denoted by 
its alpha coefficient (α), the return due to macroeconomic events that affect the 
market, and the unexpected microeconomic events that affect only the firm.  
Specifically, the return of stock i is: 
𝑅𝑖 = 𝛼𝑖 + 𝛽𝑖𝑅𝑀 + 𝑒𝑖       (1) 
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where 
𝛼𝑖      is the component of asset’s 𝑖 return that is independent of market return 
𝑅𝑀     is the market index return 
𝛽𝑖       is the rate of change of 𝑅𝑖  with respect to 𝑅𝑀  
𝑅𝑖      is the asset’s 𝑖 return 
𝑒𝑖       is the random noise 
Macroeconomic events such as interest rates or the cost of labor causes the 
systematic risk that affects the returns of all stocks and the firm-specific events 
are the unexpected microeconomic events that affect the returns of specific 
firms. The most interesting part in the above equation is the beta coefficient (β). 
It measures how sensitive an individual stock or portfolio return is to changes in 
market return. Formally, it is the ratio of covariance between the market and the 
i stock, and the variance of the market return. Knowing the beta of each stock, we 
can dramatically reduce the computations required to determine covariances. 
We no more need to compute all pairs of covariance between assets. 
SIM, as every model, comes with assumptions. First, it assumes that 𝑒𝑖  is 
uncorrelated to 𝑅𝑀 . This implies that the firm specific return on any security is 
independent of what the return on the market happens to be. The second, and 
most important, assumption is that 𝑒𝑖  is independent of 𝑒𝑗 . This implies that the 
only reason stocks vary together, systematically, is because of a common co-
movement with the market. There are no effects beyond the market that account 
for co-movement among securities (Elton et al: 2007). The latter assumption is 
very strong and there is nothing that forces it to be true. 
1.3. The Capital Asset Pricing Model (CAPM) 
The Capital Asset Pricing Model (CAPM), which was developed independently by 
Sharpe, Lintner and Mossin, marks “the birth of asset pricing theory” (Fama and 
French: 2004). For over forty years, it is widely used in cost of capital estimation, 
stock selection and portfolio performance evaluation. 
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In contrast to the Single-Index Model which is concerned with how an individual 
selects an optimum portfolio, the CAPM deals with the aggregate effects of 
investor behavior to prices and returns. It is a general equilibrium model which 
allow us to determine the relevant measure of risk for any asset and the 
relationship between expected return and risk for any asset when markets are in 
equilibrium (Elton et al: 2007). 
The simplicity of the model makes it intuitively appealing. However, this 
simplicity is due to strong assumptions that are not much realistic. It assumes no 
transaction costs, infinitely divisible assets, absence of personal income tax, 
unlimited short selling, unlimited lending and borrowing at the risk free rate, 
homogeneity of expectations and marketability of all assets. The model further 
assumes that investors make decisions on the mean-variance space and are price 
takers. 
One would consider that a so restrictive model cannot be applied in the real 
world. Surprisingly, the application of the model gave some interesting results 
and helped us to develop a deeper insight into the nature of risk. 
The CAPM is an ex-ante, one-period model. The model’s main prediction is that a 
market portfolio of invested wealth is mean-variance efficient resulting in a 
linear cross-sectional relationship between mean excess returns and exposures 
to the market factor (Fama and French: 1992). The model builds on the portfolio 
theory developed by Harry Markowitz (1959).  
According to CAPM, the relation between an asset’s risk and return is: 
𝐸(𝑅𝑖) = 𝑅𝑓 + 𝛽𝑖[𝐸(𝑅𝑀) − 𝑅𝑓]      (2) 
where 
𝑅𝑓            is the risk free rate of return 
𝐸(𝑅𝑀)   is the expected market rate of return 
𝛽𝑖             is the sensitivity of asset’s 𝑖 return to market return   
𝐶𝑜𝑣 𝑖 ,𝑀
𝜎𝛭
2   
𝐸(𝑅𝑖)     is the asset’s 𝑖 expected rate of return 
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The model implies that the market portfolio is mean-variance efficient and 
tangent to capital market line. Every investor holds a combination of the risk free 
asset and the market portfolio. Relation (2) represents “one of the most 
important discoveries in the field of finance” (Elton et al: 2007). It shows that the 
expected return of every asset, whether efficient or not, can be determined 
easily. It also shows that investors are rewarded only for bearing systematic risk. 
Idiosyncratic risk is not rewarded because it can be removed through 
diversification.  
The most important part of the equation is the beta coefficient (𝛽𝑖). It is the 
covariance of asset i with the market portfolio, divided by the market portfolio’s 
variance. High beta stocks are expected to give higher returns than low beta 
stocks as a result of their riskiness. The relation between the various assets’ 
expected return and their betas is described by the Security Market Line and is 
linear. Any deviations from this line indicate mispricing which is measured by 
Jensen’s alpha. Advocates of efficient markets reject mispricing and argue that 
the existence of other risk factors, beyond market, influence common variation of 
asset returns. Whether deviations from the CAPM are due to mispricing or 
additional risk factors is a matter of controversy that cannot practically be tested 
directly. 
However, time-series tests of the CAPM frequently find alphas statistically 
different from zero. If CAPM were to be correct, alphas should have been 
averaged to zero over long periods. More advanced, cross-sectional tests by 
Black, Jensen and Scholes (1972) and Fama and MacBeth (1973) indicate 
inadequacy of the CAPM, at least on its standard form. On the other hand, Zero-
Beta (Black) form of the CAPM seems to hold. 
In the late 1970’s, more recent tests discovered robust evidence of the existence 
of multiple risk factors which challenged even the Zero-Beta version of the 
CAPM. Basu (1977) studied the possible influence of earnings to price ratio (E/P) 
and found that stocks with high E/P ratios systematically generate higher 
returns than those implied by the CAPM. Banz (1981) documented a size effect 
based on market capitalization. He observed that ‘small’ stocks outperform ‘big’ 
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stocks with the same beta. Bhandari (1988) found that firms with high leverage 
(book value of debt to market value of equity ratio) produce high returns relative 
to their betas. Finally, Statman (1980) and Rosenberg, Reid and Lanstein (1985) 
find excess returns in value stocks (high book value of equity to market value of 
equity ratio). The above findings triggered deeper research for Multi-Index 
Models in an attempt to capture some of the nonmarket influences of securities’ 
covariation. 
1.4.Multi-Index Models (MIM) 
The Multi-Index models are financial models that employ multiple indexes or 
factors in their computations to explain market phenomena and/or equilibrium 
asset prices. In that way, they hope to capture additional information. They can 
be used to explain either an individual security or a portfolio of securities. They 
will do this by comparing two or more factors to analyze relationships between 
variables and the security’s resulting performance. However, the cost of 
introducing additional indexes is the chance that they are picking up random 
noise rather than real influences. 
Multi-Index models have various uses. First, they are used to predict correlation 
coefficients like the SIM. Second, they can be used to form expectations about 
returns and study the impact of events. Furthermore, they serve as a method for 
tailoring the return distribution of a portfolio to the specific needs of an investor. 
Hence, in conjunction with other tools, we can construct customized portfolios 
that have certain desired characteristics, such as the ability to track the 
performance of indexes or other portfolios. Finally, we can use them to attribute 
portfolio performance to their factors. 
Theoretically, Multi-Index models lie in an intermediate position between the full 
historical correlation matrix itself and the Single-Index model in ability to 
reproduce the historical correlation matrix. The more indexes added, the more 
complex things become and the more accurately the historical correlation matrix 
is reproduced. However, this does not imply that future correlation matrices will 
be forecast more accurately. Since there are infinite numbers of Multi-Index 
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models, we cannot say with certainty that they are better or worse than the 
Single-Index models (Elton et al: 2007).  
The standard form of a Multi-Index model is: 
𝑅𝑖 = 𝛼𝑖 + 𝛽𝑖1𝐼1 + 𝛽𝑖2𝐼2 + 𝛽𝑖3𝐼3 + ⋯+ 𝛽𝑖𝐾𝐼𝐾 + 𝑒𝑖      (3) 
where 
𝛼𝑖      is the component of asset’s 𝑖 return that is independent of the factors 
(unique return) 
𝐼𝑗        is the level of Index j where j=1,…,K 
𝛽𝑖𝑗     is the measure of responsiveness of 𝑅𝑖  to a change in 𝐼𝑗  where j=1,…,K 
𝑅𝑖      is the asset’s 𝑖 return  
𝑒𝑖       is the random noise of asset 𝑖 
By construction: 𝐸 𝑒𝑖 = 0, 𝐶𝑜𝑣 𝐼𝑗 , 𝐼𝑙 = 0 𝑎𝑛𝑑 𝐶𝑜𝑣 𝑒𝑖 , 𝐼𝑗  = 0  where j, l=1,…,K 
factors and i=1,…,N assets 
By assumption: (𝐶𝑜𝑣 𝑒𝑖 , 𝑒𝑚  = 0 where i,m=1,…,N assets 
When constructing a Multi-Index model, it is difficult to decide how many and 
which factors/indexes to include. Apart from the market factor, there is not a lot 
of agreement among academics and practitioners about the factors that should 
be included. The approaches fall into two basic categories: statistical and 
theoretical. Statistical models are used to compare the returns of different 
securities based on the statistical performance of each security in and of itself. 
Theoretical models are subdivided into macroeconomic and fundamental 
models. Macroeconomic models compare a security’s return to such factors as 
employment, inflation and interest rates. Fundamental models analyze the 
relationship between a security's return and its underlying financials. 
The statistical approaches involve building factors from a comprehensive set of 
asset returns. Sample data on these returns are used to construct portfolios that 
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represent factors (Campbell et al: 1997). The first statistical approach, which is 
called factor analysis, determines a specific set of factors and factor loadings 
(betas) such that the covariance of residual returns is as small as possible. 
Unfortunately, there is no theory to tell us when we should stop extracting 
factors.  Whether one chooses to stop extracting factors when there is a 50% 
chance that no more are needed, or a 10% chance, or some other level is a matter 
of taste rather than mathematical rigor (Elton et al: 2007).  
An alternative approach, which is called principal components analysis, is used 
to reduce the number of variables being studied without losing too much 
information in the covariance matrix. Principal components serve as factors. The 
analysis extracts from the historical variance/covariance matrix of returns the 
index that best explains the variance of the original data. This index or factor is 
the first principal component. Then the analysis proceeds to extract the index 
that explains as much as possible of the variance of the original data unexplained 
by the first principal component, given that this second index is constrained to 
be uncorrelated with the first index (Elton et al: 2007). The number of principal 
components that we should use is, as in factor analysis, a subjective matter. 
Introducing few factors may lead to loss of information, whereas introducing 
many factors may add random noise into the forecasting process. 
Macroeconomic models specify financial market variables that are thought to 
capture the systematic risks of the economy. They are based on two concepts. 
The first is that the value of a stock equals the present value of future cash flows, 
so we should include the variables that affect future cash flows and the discount 
rate. The second is that only unexpected changes can affect return since expected 
changes are already incorporated in price. Chen, Roll and Ross (1986), who 
pioneered the development of these models, found significant relationship 
between the macroeconomic variables and the systematic factors of the 
statistical approach of the previous paragraph. They also found that the 
macroeconomic variables are significant explanatory influences on pricing (Elton 
et al: 2007). 
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Fundamental models specify firm characteristics which are likely to explain 
differential sensitivity to the systematic risks and then form portfolios of stocks 
based on the characteristics (Campbell et al: 1997). Empirical research has 
shown these models do a good job in explaining the cross section of returns. In 
chapter 2 we will investigate the Fama and French (1993) fundamental model 
and its ability to explain returns in the Greek stock market. Before moving to that 
chapter, two famous multi-factor models are being discussed. 
1.5.Intertemporal Capital Asset Pricing Model (ICAPM) 
This model, proposed by Merton in 1973, states asset’s i expected return as a 
linear function of several factors. Once again market portfolio is an explanatory 
variable. ICAPM assumes that investment opportunities change over time, so the 
preference of certain assets changes too. As a result, investors hedge against 
adverse developments in the future investment opportunity set and 
consumption. The model takes the form of equation 4: 
𝐸(𝑅𝑖) = 𝑅𝑓 + 𝛽𝑀𝜆𝑀 + 𝛽1𝜆1 + ⋯+ 𝛽𝑗𝜆𝑗      (4) 
where 
𝑅𝑓            is the risk free rate of return 
𝜆𝑀       is the market risk factor 
𝛽𝑀          is the sensitivity of asset’s 𝑖 return to the market factor 
𝐸(𝑅𝑖)     is the asset’s 𝑖 expected rate of return 
𝜆𝑖       is the risk factor i 
𝛽𝑖            is the sensitivity of asset’s 𝑖 return to the risk factor 𝜆𝑖  (factor loading) 
The factors, except for the market, can be macroeconomic indicators such as 
inflation rate, GDP, changes in bond prices. They are selected having in mind that 
they must describe the evolution of investment opportunities over time and be 
sufficiently important to the investors. Under these restrictions we can also fit 
appropriate firm specific factors to the model. 
 
15 
 
1.6.Arbitrage Pricing Theory (APT) 
In 1976, Stephen Ross proposed a totally different approach to asset pricing. APT 
offers a general frame of asset pricing and provides interesting insights into 
equilibrium dynamics. APT holds that the expected return of a financial asset can 
be modeled as a linear function of various macroeconomic, undiversifiable 
factors or theoretical market indices, where sensitivity to changes in each factor 
is represented by a factor-specific coefficient. The main assumption of APT is 
that Efficient Market Hypothesis (EMH) holds. Following that, asset mispricing 
cannot exist for long periods of time because market participants will exploit the 
arbitrage opportunities. 
APT does not require assumptions about utility theory. It does not even specify 
what factors should be included. The way it describes equilibrium implies that 
pricing can be affected by influences beyond means and variances. So mean-
variance framework gives its place to a generalized return generating process. 
The only assumptions APT requires are (i) homogeneous expectations and (ii) 
linear relation between asset returns and the set of factors (Elton et al.: 2007). It 
takes the following form: 
𝑅𝑖 = 𝛼𝑖 + 𝑏𝑖1𝐼1 + 𝛽𝑖2𝐼2 + ⋯+ 𝑏𝑖𝑗 𝐼𝑗 + 𝑒𝑖    (5) 
where 
𝛼𝑖      is asset’s 𝑖 return when all indices have a value of zero 
𝐼𝑗        is the value of Index j that impacts asset’s i return 
𝑏𝑖𝑗     is the sensitivity of asset’s i return to the jth index 
𝑅𝑖      is the asset’s 𝑖 return  
𝑒𝑖       is the random noise of asset 𝑖 with mean zero and variance 𝜎𝑒𝑖
2  
𝐸 𝑒𝑖𝑒𝑗  = 0  ∀ 𝑖, 𝑗   𝑖 ≠ 𝑗 
𝐸 𝑒𝑖 𝐼𝑗 − 𝐼 𝑗   = 0    ∀ 𝑖, 𝑗     
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The contribution of APT is in demonstrating how (and under what conditions) 
one can go from a Multi-Index model to a description of equilibrium (Elton et al.: 
2007).  
 
17 
 
2. THE FAMA & FRENCH THREE-FACTOR-MODEL (TFM) 
In a series of articles published in 1990s, Eugene Fama and Kenneth French 
evaluated the joint roles of the market beta, firm size (ME), (E/P), financial 
leverage and BE/ME on the NYSE, AMEX and NASDAQ stocks for the period June 
1963 – December 1993. In order to identify the most important proxies for risk 
factors, the authors used the Black, Jensen and Scholes (1972) time series 
regression model. They found that both firm size and book to market value of 
equity ratio have a strong role in determining the cross section of average 
returns. The resultant model was highly popularized and became known as the 
Fama and French Three-Factor-Model (TFM).  
Specifically, they discovered a 
negative relation between cross 
section of average returns and firm 
size, and a positive relation between 
cross section of average returns and 
book to market ratios. In other 
words, small firms and value firms 
(high book to value ratio) are risky 
so investors are compensated with 
high rates of return. Interestingly, 
Fama and French also found that 
once one considered the size and 
value factor loadings of a diversified 
US stock portfolio, the market 
loading (beta) did not explain 
returns.  
 
 
 
FIGURE 2. The return effects of size and 
BE/ME 
Source: www.portfoliosolutions.com 
Further international evidence of the validity of the model presented by Fama 
and French in 1998. They captured a small firm effect in 11 of 16 major markets. 
Also, they observed that value stocks outperformed growth stocks in 12 of 13 
major markets during the 1975-1995 period. The fact that value stocks have 
higher average returns, and so are considered more risky, than growth stocks, 
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looks like a paradox to many people. According to the old finance intuition value 
stocks are considered cheap and perhaps undervalued because they offer lots of 
book value for a low price. However, modern finance intuition tells us that book 
value is backward-looking representing the historical cost of the firm’s capital. In 
contrast, we should focus on market value which is forward-looking and 
represents investor’s best estimate of the discounted future cash flows of the 
firm. In that perspective value firms seem distressed because of their low market 
value relative to their book value. As a result, market participants want extra 
compensation for buying value stocks. Fama and French (1993, 1996) claim that 
their Three-Factor Model captures the above “distress premium”, assuming that 
small firms with high BE/ME ratios perform poorly and are vulnerable to 
financial distress. 
Chen, Karceski, and Lakonishok (1999) point out that the advantage of the Fama 
and French model is that it allows the user to explicitly see the effect of the size 
and BE/ME on correlations. However, there is a lot of debate about whether the 
outperformance tendency of small and value firms is due to market efficiency or 
market inefficiency. On the efficiency side of the debate, the outperformance is 
generally explained by the excess risk that value and small cap stocks face as a 
result of their higher cost of capital and greater business risk. On the inefficiency 
side, the outperformance is explained by market participants mispricing the 
value of these companies, which provides the excess return in the long run as the 
value adjusts1. 
2.1.Portfolio Construction Procedure 
Fama and French overcome the difficulty to enter the above fundamental, non-
tradable variables in the model by constructing mimicking portfolios. As a result, 
they split the market in two ways, depending on the size and book to market 
ratio of every stock. First, they define size as the total market value of equities 
(market capitalization) and then they form two groups: one containing all stocks 
on the NYSE, AMEX and NASDAQ that have a size larger than the median size of a 
stock on the NYSE and another containing all smaller stocks. Afterwards, they 
                                                        
1 http://www.investopedia.com/terms/f/famaandfrenchthreefactormodel.asp 
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break the market into three groups based on the book to market value of equity 
ratio, defining the break points at 30th and 70th percentile of the stocks listed in 
the NYSE. As a result of the above classification, each year Fama and French 
formed six portfolios that fell into the respective categories of size and BE/ME 
ratio. Then, they estimated the returns of those portfolios. 
The next step is to define the actual indexes used to explain returns. To do that 
they create three zero investment portfolios that proxy as risk factors. The size 
factor is formulated as small minus big (SMB). It is defined as the difference 
between the average return of the three ‘small firm’ portfolios and the average 
return of the three ‘big firm’ portfolios. The BE/ME factor is formulated as high 
minus low (HML). It is defined as the difference between the average return of 
the two ‘high BE/ME’ portfolios and the average return of the two ‘low BE/ME’ 
portfolios. The market factor is formulated as total market return minus the risk 
free rate. The architecture of the model (market grouping in six portfolios) is 
such that its factors are uncorrelated. So there is no multicollinearity by 
construction.  
Algebraically, it takes the form of the following equation: 
𝑅𝑝𝑡 − 𝑅𝑓𝑡 = 𝛼𝑝𝑡 + 𝑏𝑝 𝑅𝑚𝑡 − 𝑅𝑓𝑡 + 𝑠𝑝𝑆𝑀𝐵𝑡 + ℎ𝑝𝐻𝑀𝐿𝑡 + 𝜀𝑝𝑡        (6) 
where 
𝑅𝑝𝑡     is the portfolio’s p return 
𝑅𝑓𝑡     is the risk free rate 
𝛼𝑝𝑡     is the excess return of portfolio p 
𝑏𝑝       is the sensitivity of 𝑅𝑝𝑡  to a change in market premium 𝑅𝑚𝑡 − 𝑅𝑓𝑡  
𝑠𝑝       is the sensitivity of 𝑅𝑝𝑡  to a change in size premium Small – Big 
ℎ𝑝    is the sensitivity of 𝑅𝑝𝑡  to a change in value premium High BE/ME – Low 
BE/ME 
𝑒𝑖        is the random noise of portfolio p 
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2.2.Criticism of the TFM 
Behavioralists and other critics see the TFM as academic nonsense. The biggest 
problem is that Fama and French is the lack of a theoretical setting. It does not 
explain why size and BE/ME ratio are proxies for risk. In the conclusions of their 
1996 paper, Fama and French say: “Our tests to date do not cleanly identify the 
two consumption-investment state variables of special hedging concern to 
investors that would provide a neat interpretation of our results in terms of 
Merton’s (1973) ICAPM or Ross’s (1976) APT. The results of Chan and Chen 
(1991) and Fama and French (1994, 1995) suggest that one of the state variables 
is related to relative distress. But this issue is far from closed, and multiple 
competing interpretations of our results remain viable.” 
Another major criticism is that TFM cannot explain the momentum effect which 
is observed in many markets. The model predicts the reversal of future returns 
for short-term winners and losers2. So the continuation of short-term returns is 
left unexplained. 
Kothari, Shanken and Sloan (1995) reexamined the results of the Fama and 
French (1993) paper and reported a survivorship bias introduced for both firm 
size and BE/ME sorted portfolios. Many firms with low ME and high BE/ME do 
not survive and thus are not included in the databases. In addition, they reported 
a selection bias due to the COMPUSTAT database. In order to address the 
problem they used an alternative source of data, the Standard & Poors Industry 
Level Data, and found that BE/ME is weakly related to average stock returns. 
Black (1993) and MacKinlay (1995) argue that the results presented by Fama 
and French (1993) may be based on data snooping given the variable 
construction for the characteristics based portfolios. However, Barber and Lyon 
(1997) suggest that the data snooping problem can be effectively addressed by 
using different time periods of observations and different countries or a hold out 
sample. Lakonishok, Shleifer and Vishny (1994) and Haugen (1995) suggest that 
the distress (risk) premium is irrational. Another criticism comes from Daniel 
                                                        
2 Winners and losers are stocks with high and low returns respectively. 
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and Titman (1997) who argue that it is not the covariance structure that explains 
the cross-section of stock returns but rather characteristics such as behavioral 
biases and liquidity (Malin and Veeraraghavan: 2004). The essence of the 
criticism lies on the fact that Fama and French consider size and BE/ME risk 
factors, while Daniel and Titman consider them factors that reflect mispricing. 
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3. APPLICATION TO THE GREEK STOCK MARKET 
We try to apply TFM to the Greek stock market in order to better explain stock 
returns and see if size and value factors do play a role in the market. Certainly 
TFM does not give us clear insight into the nature of risk and the return 
generating process because its factors are only proxies of the true state variables. 
However, it can show us where to look and investigate the source of the 
anomalies. Are size and value factors, premiums of financial distress or simply 
the result of investors’ over-reaction? Many questions remain unanswered but 
testing the model in various markets for various periods can help us gather 
evidence to support or reject it.  
We test the model in the case of Greece for a ten year period. Specifically, it starts 
on July 1999 and ends on June 2009. The testing period is long enough to contain 
both bull and bear market rallies. It also contains periods of high volatility and 
periods of relative stability. Major events have occurred during that period. For 
example, the stock market bubble and its burst in 1999 and 2000 caused high 
volatility and loss of public trust in the capital markets. The introduction of the 
European Monetary Union (EMU) resulted in a clear regime shift in European 
stock market integration (S.J. Kim et al.: 2005). In 2008, world economic crisis 
triggered a free fall in global stock markets and a new era of turbulence and 
uncertainty. 
3.1.Data 
Monthly stock returns and accounting data are obtained from DATASTREAM 
Advance 4.0 maintained by Thomson Reuters3. Monthly data are used because 
they account for speed in arbitrage adjustments and in the same time mitigate 
any potential problems that are associated with microstructure issues such as 
bid-ask spreads. We start with 364 ordinary (common) equities which have been 
trading over the 10 year period (or over a part of that period). So we consider 
both active and dead (suspended) equities in order to address the survivorship 
                                                        
3 All DATASTREAM and BLOOMBERG® data used in this thesis are provided under request by the 
International Hellenic University. They constitute property of the IHU and are protected by 
respective copyright laws. 
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bias. Then we eliminate all equities with unavailable market data which, 
unfortunately, exposes us to sample selection bias. We only include stocks that 
trade continuously over the yearly periods (from July t to June t+1). Finally, we 
omit stocks with negative book value of equity in order to prevent distortion of 
the results. Thus, we include 200 equities4 on average (out of 364) in the 
portfolios. The sample period (July ‘99 – June ’09) consists of 120 monthly 
observations. 
We used the Return Index (DATASTREAM datatype “RI”) to compute stock 
returns. The Return Index is available for individual equities and shows a 
theoretical growth in value of a share holding over a specified period, assuming 
that dividends are re-invested to purchase additional units of an equity at the 
closing price applicable on the ex-dividend date. Gross dividends are used where 
available and the calculation ignores tax and re-investment charges. Adjusted 
closing prices are used throughout to determine price index and hence return 
index. Market Value (DATASTREAM datatype “MV”) is the share price multiplied 
by the number of ordinary shares in issue5. Then we took Market Value to Book 
Value (DATASTREAM datatype “MTBV”) and calculated its inverse (Book to 
Market Value), which is the variable of interest. It is defined as the balance sheet 
value of common equity divided by the market value of common equity. 
Finally, we set the Greece Government 10-year Bond Index6 (which serves as the 
10-year Greece Benchmark Bond) to be a proxy for risk free rate. We obtained 
monthly bond yields7 from BLOOMBERG® PROFESSIONAL service8 
(BLOOMBERG ticker “GGGB10YR INDEX”). 
                                                        
4 See Table 1 
5 The amount in issue is updated whenever new tranches of stock are issued or after a capital 
change. 
6 The rates are comprised of Generic EUR Greece government bonds. These yields are based on 
the bid side of the market. Pricing source for the benchmark bond is the Bank of Greece. 
7 Each month yields are presented in annual basis so we transform them into monthly equivalent 
basis. 
8 All DATASTREAM and BLOOMBERG® data used in this thesis are provided under request by the 
International Hellenic University. They constitute property of the IHU and are protected by 
respective copyright laws. 
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3.2.Methodology 
This thesis follows the Fama and French (1993) methodology which uses the 
time series regression approach of Black, Jensen and Scholes (1972). However, 
we include both financial and non-financial firms and do not study the bond 
market. Monthly portfolio returns are regressed on market return and 
mimicking portfolios for size and book to market value. As a result, the 
mimicking (zero investment) portfolios act as risk factors and the time series 
regression slopes as factor loadings.  
First we need to classify the market on size and BE/ME. The size classification 
groups the stocks in two classes: Small capitalization and Big capitalization. We 
consider the capitalization of {June t} for the formation of portfolios for the 
period {July t to June t+1}. After that we use the median Athens Stock Exchange 
(ASE) size to split the market in half. The BE/ME classification groups the stocks 
in three classes: Low BE/ME, Medium BE/ME, High BE/ME. We consider BE/ME 
of {December t-1} for the formation of portfolios for the period {July t to June 
t+1}. We use monthly returns six months after the balance sheet dates because 
financial statements in Greece must be released at least 20 days before annual 
stockholders’ meeting which must take place within six months after the 
financial year ends. Thus, by matching accounting data for firms with a financial 
year end that falls in year (t-1) with the return period starting in July (t), 
accounting data were available prior to the return period for the firms in our 
sample. In this way, a possible look-ahead bias is avoided (Banz and Breen: 
1986). 
Thereafter we split the market in three parts (33.33% and 66.67% percentiles). 
According to Fama and French (1993) stocks are sorted into two groups on size 
and three groups on BE/ME because the latter has a stronger role in average 
stock returns than the former. The authors also argue that tests are not sensitive 
to the choice of split points so they are arbitrary defined. 
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After matching accounting data with returns and grouping the stocks, we 
construct six intersecting portfolios9 (SL, SM, SH, BL, BM, BH). The monthly 
return of each portfolio is the value-weighted monthly return of the stocks they 
include. Each year (July t – June t+1) stocks and stock weightings are re-defined 
to include the currently active securities. The value-weighted portfolios are 
calculated by the following formula: 
𝑅𝑝 ,𝑚 =  𝑤𝑖 ,𝑡𝑅𝑖 ,𝑚
𝑛
𝑖=1      (7) 
where 
𝑅𝑝 ,𝑚       is the portfolio p return in month m 
𝑤𝑖 ,𝑚        is the weight of stock i in the portfolio p for year t 
𝑅𝑖 ,𝑚        is the stock i return in month m 
n           is the number of stocks in portfolio p (different each year) 
As a result portfolio SL consists of small and growth (low BE/ME) equities, 
portfolio SM consists of small and medium BE/ME equities, portfolio SH consists 
of small and value (high BE/ME) equities, portfolio BL consists of big and growth 
(low BE/ME) equities, portfolio BM consists of big and medium BE/ME equities, 
portfolio BH consists of big and value (high BE/ME) equities. Finally, each month 
we calculate the total market return as a weighted average of all stock returns in 
the six size-BE/ME portfolios, plus the negative BE stocks excluded from the 
portfolios. 
3.3.Variables 
Let’s discuss the variables one by one. From the equation (6)10 we have: 
𝑅𝑝𝑡 − 𝑅𝑓𝑡 = 𝛼𝑝𝑡 + 𝑏𝑝 𝑅𝑚𝑡 − 𝑅𝑓𝑡 + 𝑠𝑝𝑆𝑀𝐵𝑡 + ℎ𝑝𝐻𝑀𝐿𝑡 + 𝜀𝑝𝑡  
where  
p             is portfolio p (SL, SM, SH, BL, BM or BH) 
t              is month t (July ’99 – June ’09) 
                                                        
9 We used MATLAB 7.7 for portfolio construction 
10 We used EViews 6 for statistical and econometric analysis 
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Clearly, the dependent variable  𝑅𝑝𝑡 − 𝑅𝑓𝑡  is the excess return of portfolio p and 
the first risk factor  𝑅𝑚𝑡 − 𝑅𝑓𝑡  is the excess return of the market. The other two 
risk factors are formed from the six portfolios presented above. SMB (Small 
minus Big) corresponds to the difference between the average monthly return of 
the three small capitalization portfolios and the average monthly return of the 
three big capitalization portfolios. HML (High minus Low) corresponds to the 
difference between the average monthly return of the two high BE/ME portfolios 
and the average monthly return of the two low BE/ME portfolios. Algebraically: 
𝑆𝑀𝐵 =
 𝑆𝐿+𝑆𝑀+𝑆𝐻 − 𝐵𝐿+𝐵𝑀+𝐵𝐻 
3
  (8) 
𝐻𝑀𝐿 =
 𝑆𝐻+𝐵𝐻 − 𝑆𝐿+𝐵𝐿 
2
   (9) 
In other words, the risk factors related to size and value are not tradable 
variables so zero investment portfolios are constructed. For the SMB factor we 
take a long position in small firms and a short position in big firms. For the HML 
factor we take a long position in value firms and a short position in growth firms. 
As a consequence, SMB measures a small size premium and HML a value firm 
premium. As testimony to the success of this procedure, we find little correlation 
between the two aforementioned risk factors (ρ = 0.23). 
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4. EMPIRICAL RESULTS 
4.1.Test of the Three-Factor-Model 
We can see in Table 1 the number of companies in each portfolio for each year of 
the sample period. As it is expected, small stock portfolios have almost the same 
number of companies with big stock portfolios (the division point is the median). 
High, medium and low BE/ME stock portfolios are also equally divided in three 
parts (the division points are the 33.33% and 66.67% percentiles). An 
interesting observation is that small size companies tend to have higher BE/ME 
ratios. In contrast, big size companies tend to have lower BE/ME ratios. On 
average, there are only 24 SL companies with the number growing as we move 
towards higher BE/ME ratios (34 SM and 43 SH). The opposite happens in big 
size portfolios where there are 43 BL companies with the number diminishing as 
we move towards higher BE/ME ratios (33 BM and 24 BH). Under the 
assumption that high BE/ME ratios are signs of distressed firms, the above 
finding indicates that, on average, small size firms tend to be distressed and are 
not expected to have an adequate earnings generation capability. On the other 
side, most big size firms listed in the Athens Stock Exchange (ASE) have low 
BE/ME ratios and consequently are expected to be profitable in the future. 
Table 2 presents further insights in the size and BE/ME ratio of firms listed in 
ASE. The average market capitalization of all small size companies is about €40 
million. However, there is a significant dispersion of average market 
capitalizations between the big size firms. BH and BM portfolios consist of firms 
that on average have a capitalization of €450-600 million. In contrast, companies 
included in BL portfolios have an average size of €1133 million. Connecting the 
pieces together we conclude that the biggest firms of the Greek Market have the 
lowest BE/ME ratios on average. 
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TABLE 1.  Sample characteristics: Greece, July 1999 – June 2009 
Number of Companies in portfolios formed on Size and BE/ME 
YEAR SH SM SL BH BM BL Total 
’99-‘00 41 31 15 17 27 42 173 
’00-‘01 30 31 38 36 35 28 198 
’01-‘02 50 37 30 28 41 48 234 
’02-‘03 44 41 31 34 37 46 233 
’03-‘04 46 39 30 30 38 47 230 
’04-‘05 36 35 27 29 30 38 195 
’05-‘06 44 40 13 21 25 51 194 
’06-‘07 44 33 16 18 29 46 186 
’07-‘08 47 26 18 14 34 43 182 
’08-‘09 47 23 18 12 36 41 177 
Average 43 34 24 24 33 43 200 
 
 
TABLE 2.  Sample characteristics: Greece, July 1999 – June 2009 
Average firm size and BE/ME of companies for the 10-year period 
 BOOK TO MARKET EQUITY 
SIZE High Medium Low High Medium Low 
 
Average of annual 
averages of firm size 
(million €) 
Average of annual 
averages of BE/ME 
Small 41.239 43.483 43.007 1.411 0.573 0.255 
Big 453.800 597.602 1133.301 1.138 0.566 0.236 
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The mean monthly excess returns of the portfolios (Table 3) are negative with 
the exception of BH and BM. This finding is quite reasonable because during the 
sample period (July ’99 – June ’09) the ASE experienced two major bear market 
rallies (burst of stock market bubble in ’99 and world economic crisis in ’08, see 
Figure 3).  
 TABLE 3.  Portfolios formed on Size and BE/ME: Greece, July 1999 – June 2009 
Dependent Variables: Excess Return & Variation (monthly) 
  Summary Statistics (%)   
 BOOK TO MARKET EQUITY 
SIZE High Medium Low High Medium Low 
 Means Standard Deviations (CV)11 
Small -0.13 -0.37 -0.53 14.85(115.80) 13.69(37.04) 14.31(26.97) 
Big 0.10 0.04 -0.79 10.04(100.60) 9.55(213.72) 9.20(11.63) 
 
Two big firm portfolios (BH, BM) outperform the respective small firm portfolios. 
This big firm effect is inconsistent with the findings of Fama and French (1993) 
in the US equity market. However, small stock portfolios have higher standard 
deviations than big firm portfolios. As a result small stock portfolios seem to 
offer inferior returns with higher volatility. Even the coefficients of variation 
show a higher volatility in the returns of small stocks in two of three portfolios. 
The above findings show that there is no risk/return trade-off and investors are 
either risk lovers or irrational. 
 
 
 
 
 
                                                        
11 Coefficient of Variation 
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FIGURE 3.  ATHEX Composite: July 1999 – September 2009 
  
SOURCE: DATASTREAM ADVANCE 4.0 
As for the explanatory variables, two of them have negative mean values (Table 
4). In specific, the mean excess market return is -0.37 and is in line with the fact 
that the sample period is characterized by intense bear market rallies. The 
negative value of SMB factor means that on average there is a big size effect. This 
is consistent with the previous findings where big firms outperformed small 
firms. Finally, the HML value shows a value effect consistent with the portfolio 
returns and Fama and French (1993). 
TABLE 4.  Portfolios formed on Size and BE/ME: Greece, July 1999 – June 2009 
Explanatory Variables: Excess Return & Variation (monthly) 
  Summary Statistics (%)   
 Means Standard Deviations (CV) 
 𝑅𝑚𝑡 − 𝑅𝑓𝑡   -0.37   8.98(24.03)  
𝑆𝑀𝐵𝑡   -0.13   7.58(59.60)  
𝐻𝑀𝐿𝑡   0.65   4.54(7.01)  
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In summary, we document a big firm effect (in contrast to Fama & Franch) and a 
value effect (in line with Fama & Franch) for the period 1999-2009. Investors 
who are willing to take additional risks should invest in big firms with high 
BE/ME ratios. In no way they should invest in small firms.  
TABLE 5.  Portfolios formed on Size and BE/ME: Greece, July 1999 – June 2009 
Explanatory Variables: Correlation Structure 
 Correlation Coefficient (ρ)  
  𝑅𝑚𝑡 − 𝑅𝑓𝑡  𝑆𝑀𝐵𝑡  𝐻𝑀𝐿𝑡 
 𝑅𝑚𝑡 − 𝑅𝑓𝑡  1.00   
𝑆𝑀𝐵𝑡  0.40 1.00  
𝐻𝑀𝐿𝑡  0.06 0.23 1.00 
 
Before analyzing the coefficients of the model, we discuss the correlation 
structure of its explanatory variables. We find that the risk factors SMB and HML 
have an effect on market betas (𝑏𝑝) identical to that found by Fama and French 
(1993). Specifically, including SMB and HML to the regression collapses market 
betas towards 1.0. This behavior is due to relatively high correlation between the 
market and SMB (ρ = 0.40). 
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TABLE 6.  Three-Factor Regressions for Portfolios formed on Size and BE/ME: Greece 
Regression Coefficients 
𝑅𝑝𝑡 − 𝑅𝑓𝑡 = 𝛼𝑝𝑡 + 𝑏𝑝 𝑅𝑚𝑡 − 𝑅𝑓𝑡  + 𝑠𝑝𝑆𝑀𝐵𝑡 + ℎ𝑝𝐻𝑀𝐿𝑡 + 𝜀𝑝𝑡  
BOOK TO MARKET EQUITY 
SIZE High Medium Low High Medium Low 
  α   P-Value  
Small 0.000 0.000 0.001 0.9626 0.9762 0.6461 
Big 0.000 0.004 -0.002 0.9029 0.2655 0.3072 
  b   P-Value  
Small 1.003 0.972 0.961 0.0000 0.0000 0.0000 
Big 0.972 0.951 1.013 0.0000 0.0000 0.0000 
  s   P-Value  
Small 1.022 0.943 1.079 0.0000 0.0000 0.0000 
Big -0.003 0.107 -0.060 0.9352 0.0216 0.0269 
  h   P-Value  
Small 0.595 0.186 -0.276 0.0000 0.0004 0.0002 
Big 0.768 0.096 -0.360 0.0000 0.1765 0.0000 
  Adj. R2  Standard Error of Regression 
Small 0.98 0.97 0.94 0.02 0.02 0.03 
Big 0.91 0.87 0.95 0.03 0.03 0.02 
  DW     
Small 1.88 2.04 1.98    
Big 1.96 1.66 1.69    
 
Regression coefficients of Table 6 provide evidence in support of the robustness 
of the model. First, the α coefficients (intercepts) of all six portfolios are 
statistically equal to zero. So there are no abnormal returns and the model 
captures the common variation in stock returns. Second, the market factor 
coefficients (b coefficients) are positive and close to one for all six portfolios (as 
 
33 
 
mentioned before). They are statistically significant (different from zero) even at 
the 1% level. 
As far as the size factor coefficients are concerned (s coefficients), they take 
positive values in four out of the six regressions. All small stock portfolios have 
highly significant, positive coefficients. The s coefficient of BH portfolio is 
statistically insignificant (equal to zero). The other two big stock portfolios (BM, 
BL) have statistically significant s coefficients at the 5% level but not at the 1% 
level. They take slightly positive and negative values respectively. This finding is 
consistent with Fama and French (1996) who show that small firms load 
positively and big firms load negatively on SMB. Finally, the BE/ME factor 
coefficients (h coefficients) are statistically different from zero at the 1% level for 
all but BM portfolio. The BM portfolio has a factor loading on BE/ME factor that 
is insignificant even at the 10%. Again, the results are consistent with Fama and 
French (1996) who show that high BE/ME firms load positively and low BE/ME 
firms load negatively on HML. In both SMB and HML factors, the loadings 
increase monotonically for all six portfolios.  
The robustness of the model is further supported by the high values of adjusted 
R2. They range from 0.87 to 0.98 with an average of 0.94. So on average, 94% of the 
variation is explained by the Three-Factor-Model. Graphs and estimation outputs 
are presented in Appendix A. 
4.2.Diagnostics 
Before running the regressions, we employed the Augmented Dickey-Fuller 
(ADF) unit root test to check for nonstationarity in the series. The lagged values 
in the test are selected automatically in order to minimize the Schwarz Info 
Criterion. We check every variable (dependent and independent) and we find no 
evidence of nonstationarity at 10%, 5% or 1% levels. The values of the t-
Statistics are much higher than the critical values at even the 1% level for all 
variables. So we conclude that the time series are stationary. 
Afterwards, we check for heteroskedasticity using the White’s Test. 
Unfortunately, we find strong evidence that the residuals are heteroskedastic in 
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every regression. This can also be visually observed looking at the residual plots 
in Appendix A. Although the use of OLS method still gives unbiased coefficient 
estimates, they are no longer BLUE12. Standard errors could be inappropriate 
and any inferences misleading. In order to deal with this problem we re-estimate 
the regressions using White’s heteroskedasticity consistent standard error 
estimates. That makes us more conservative in rejecting the null hypothesis of 
regressor’s insignificance. The P-Values of the regressors’ coefficients change, 
however, we observe no material change in our inferences. The only significant 
change is observed in the P-Value of SMB factor of the BM portfolio. We accept 
the null hypothesis that SMB factor is statistically insignificant at the 5% level 
(where previously it was insignificant only at the 1% level). 
The visual observation of the residuals and the descriptive statistics of the 
regressions reveal volatility clustering and leptokurtic distributions. These 
findings force us to conduct ARCH13 LM14 Tests in the regressions. We try several 
error term lags (q) and we find strong evidence of ARCH effects in four out of six 
regressions (except for BH, SL). It is possible to exist a structure in volatility 
which is not captured by the Three-Factor-Model. Such structures could be 
possibly described by a nonlinear model (e.g. GARCH15). 
We continue diagnostic tests checking for residual autocorrelation. We use the 
Durbin-Watson, Ljung-Box (Q-Statistic) and Breusch-Godfrey LM tests. The DW 
statistic takes values close to 2 in all but two regressions. BM and BL regressions 
have values of 1.66 and 1.69 respectively which is a sign of small positive 
autocorrelation. The DW tests only for first-order serial autocorrelation so we 
continue with the Q-Statistic for higher-order autocorrelation. The Q-Statistic 
test does not find autocorrelation in the residuals of the regressions except for 
the SH regression where there is strong autocorrelation starting at the 4th lag. 
The Breusch-Godfrey LM test gives similar results. Correlograms of up to 36 lags 
are presented in Appendix B. As a consequence of autocorrelation in the SH 
regression, the coefficient estimates are not BLUE even asymptotically. 
                                                        
12 Best Linear Unbiased Estimator 
13 Auto-Regressive Conditional Heteroskedasticity 
14 Lagrange Multiplier 
15 Generalized Auto-Regressive Conditional Heteroskedasticity 
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Autocorrelation may also be the cause of the extremely high R2 of the SH 
regression (0.98). That is because the existence of autocorrelation inflates R2 
values for positively correlated residuals. 
In addition, we perform normality tests for the residuals. We find that, in every 
regression, residuals hugely depart from a Gaussian white noise process. There is 
excess kurtosis and positive or negative skewness in all six series of residuals. 
The Jarque-Berra test reaffirms departure from normality. 
Next, we check for multicollinearity between regressors. If such a problem exists, 
EViews 6 issues an error message which warns us that the regressors’ matrix is 
near singular. The fact that we did not face such a message and the visual check 
of the three regressors provide us evidence that multicollinearity does not exist. 
Furthermore, we should remember that the SMB and HML regressors are 
constructed as zero investment (mimicking) portfolios. The way they are 
structured does not allow strong linear relationships between them. The 
relatively low correlation coefficient values of the three factors (see Table 5) 
provide evidence in support of the previous argument. 
Finally, we perform Ramsey’s RESET test to check for misspecification of the 
functional form of the model. So evidence of misspecification would result in 
rejection of the Three-Factor-Model. Interestingly, we do find evidence of 
misspecification in three of the six portfolios (BL, SL, SH) when we add 3rd or 
higher order terms of the fitted values. This could be another indication of 
existence of nonlinearities in the functional form. 
4.3.Test for January Effect 
Following the steps of Fama and French (1993) who suggest that tests for 
January effect are “standard procedure” in asset pricing tests, we test for the 
existence of such an effect in the Greek stock market. Research has shown that a 
January effect does exist in the U.S. stock markets. However, Malin and 
Veeraraghavan (2004) find no evidence of this effect in France, Germany and the 
U.K. 
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We follow the usual econometric procedure in tests of seasonality, adding a 
dummy variable to the regression which takes the value of ‘one’ on January and 
the value of ‘zero’ in the remaining months. We find that the factor loadings of 
the January factor of all portfolios are not significant. Thus, we cannot support 
the presence of January effects in the Greek market. 
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TABLE 7.  Multi-Factor Regressions for Portfolios formed on Size and BE/ME: Greece 
Tests for January Effect 
Regression Coefficients 
𝑅𝑝𝑡 − 𝑅𝑓𝑡 = 𝛼𝑝𝑡 + 𝑏𝑝 𝑅𝑚𝑡 − 𝑅𝑓𝑡  + 𝑠𝑝𝑆𝑀𝐵𝑡 + ℎ𝑝𝐻𝑀𝐿𝑡 + 𝛾𝑝𝐽𝑎𝑛𝑡 + 𝜀𝑝𝑡  
BOOK TO MARKET EQUITY 
SIZE High Medium Low High Medium Low 
  α   P-Value  
Small 0.000 0.000 0.002 0.9590 0.9951 0.6127 
Big 0.000 0.004 -0.002 0.9683 0.2777 0.3798 
  b   P-Value  
Small 1.002 0.972 0.961 0.0000 0.0000 0.0000 
Big 0.972 0.951 1.013 0.0000 0.0000 0.0000 
  s   P-Value  
Small 1.020 0.942 1.077 0.0000 0.0000 0.0000 
Big -0.005 0.107 -0.062 0.9064 0.0236 0.0252 
  h   P-Value  
Small 0.600 0.188 -0.271 0.0000 0.0006 0.0004 
Big 0.774 0.097 -0.355 0.0000 0.1907 0.0000 
  γ   P-Value  
Small -0.003 -0.001 -0.003 0.7074 0.8922 0.8026 
Big -0.003 -0.001 -0.003 0.7629 0.9565 0.6816 
  Adj. R2  Standard Error of Regression 
Small 0.98 0.97 0.94 0.02 0.02 0.03 
Big 0.91 0.87 0.95 0.03 0.03 0.02 
  DW     
Small 1.86 2.05 1.98    
Big 1.97 1.66 1.68    
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4.4.Risk Factors Premia 
In this section we are going to calculate the risk premia of the six portfolios and 
conduct hypothesis tests about their means. Specifically we test the null 
hypothesis of zero mean (mean statistically no different from zero). Under the 
alternative hypothesis the mean is statistically significant (there is indeed a risk 
premium). The risk premium is defined as risk factor multiplied by factor 
loading. 
TABLE 8.  Market, Size and Value Premia: Greece 
Portfolio 
Market Premium 
(%) 
Size Premium  
(%) 
Value Premium 
(%) 
SH 
-0.37 
(-0.46) 
-0.13 
(-0.18) 
0.39 
(1.56) 
SM 
-0.36 
(-0.46) 
-0.12 
(-0.18) 
0.12 
(1.56) 
SL 
-0.36 
(-0.46) 
-0.14 
(-0.18) 
-0.18 
(-1.56) 
BH 
-0.36 
(-0.46) 
0.00 
(0.18) 
0.50 
(1.56) 
BM 
-0.38 
(-0.46) 
0.01 
(-0.18) 
-0.23 
(1.56) 
BL 
-0.36 
(-0.46) 
-0.01 
(0.18) 
0.06 
(-1.56) 
 
FIGURE 4.  Market, Size and Value Premia: Greece 
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As we can see from Figure 4, all portfolios generate negative market premia. 
Also, small portfolios generate negative size premia whereas big portfolios do 
not generate size premia at all. Value portfolios present positive value premia 
and growth portfolios generate negative (SL) and positive (BL) value premia. 
However, the values of the t-statistics (Table 8) reveal that all risk premia are not 
statistically different from zero.  
4.5.Greece versus France, Germany and the U.K. 
In this section we compare and contrast our findings with that of Malin and 
Veeraraghavan (2004). Similarities and differences in the empirical results of the 
Three-Factor-Model are being discussed. Before we proceed we should mention 
that the tests refer to different time periods. We conduct a test of the model for 
the period 1999-2009 where Malin and Veeraraghavan (2004) conduct tests for 
the period 1992-2001. So there is only a slight overlap between the time periods 
tested. Also, all returns in this section are presented on a monthly basis. 
First of all, the number of listed companies that were included in the research 
varies from country to country. In our research (Greece) we included on average 
200 companies where Malin and Veeraraghavan (2004) included 156, 286 and 
925 companies (Germany, France, U.K.). The fact that the number of listed 
companies is relatively small in Greece constitutes a potential problem on the 
portfolio construction procedure because some portfolios may not be adequately 
diversified (when we split the market in six portfolios with different size and 
value characteristics). 
Second, we find a negative excess market return (-0.37%) in Greece. In contrast, 
Malin and Veeraraghavan (2004) find excess market returns of 0.46%, 3.83% 
and 0.27% in France, Germany and the U.K. respectively. Also, we should 
mention that there is huge variation in market returns in Greece during the 
period (see Table 4). The results show that the Greek market is extremely 
volatile with average market returns lower than the risk free rate (10-year 
Benchmark Bond). 
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Third, the evidence show that there is a slight big firm effect (almost 
insignificant) in Greece (Average SMB = - 0.13%). This is in line with the findings 
in the U.K. (Average SMB = - 0.20%). However, France and Germany seem to have 
a small firm effect (Average SMB = 0.93% and 4.68% respectively). 
Fourth, we document a value firm effect in Greece (Average HML = 0.65%). In 
contrast, all the other markets present a growth firm effect  
(Average HML = - 3.05% , - 1.53% and -3.56% in France, Germany and the U.K. 
respectively). The above findings regarding risk factors are presented below. 
TABLE 9.  Risk Factor Monthly Averages: Various Countries 
 Risk Factor Mean Returns (%)  
 
 
Greece France* Germany* U.K.* 
 𝑹𝒎𝒕 − 𝑹𝒇𝒕  -0.37 0.46 3.83 0.27 
𝑺𝑴𝑩𝒕 -0.13 0.93 4.68 -0.20 
𝑯𝑴𝑳𝒕 0.65 -3.05 -1.53 -3.56 
SOURCE: This paper (Greece) and *Malin and Veeraraghavan (2004) 
FIGURE 5.  Average Monthly Risk Factor Returns: Greece, France, Germany, U.K. 
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Fifth, the SMB and HML loadings in Greece are consistent with that of France, 
Germany and the U.K. found by Malin and Veeraraghavan (2004). Small firms 
load positively on SMB where big firms load negatively and value firms load 
positively on HML where growth firms load negatively. 
Sixth, there is no evidence of January effects in Greece which is in line with the 
findings in the above-mentioned European countries. 
Seventh, we document the most controversial finding of our research. All risk 
premia of all six portfolios are statistically insignificant (equal to zero). This 
contrasts to France and Germany, where portfolios generate statistically 
significant small firm and growth effect premia. It also contrasts to the U.K., 
where portfolios generate statistically significant big firm and growth effect 
premia. 
5. Conclusions 
In this thesis we investigate the robustness of the Fama and French Three-
Factor-Model continuing the out of sample tests of Malin and Veeraraghavan 
(2004). In specific we test the TFM model on the Greek stock market for the 
period July 1999 – June 2009. We find that over the period there is a negative 
market premium; but it is not statistically different from zero. Also, investors 
who hold “big” stocks seem to enjoy slightly higher returns than investors who 
hold “small” stocks. So we document a big firm premium. Finally, there appears 
to be a value effect in Greece. Investors demand higher returns for investing in 
firms with high BE/ME. This comes in line with the findings of Fama and French 
(1996) for the U.S. market. However all three risk factor premia are not 
statistically significant which make us question the power of the model. 
In addition, there are many warning signs about the validity of the results and 
their appropriateness for investment decisions. Residuals distributions are far 
from normal, residual terms are heteroskedastic and ARCH patterns are likely to 
exist. Misspecification of the model is highly probable (according to Ramsey’s 
RESET Test). 
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Furthermore, findings about risk premia force us to conclude that there is either 
data-snooping or time-period bias in the data. Data-snooping may be caused by 
the use of multiple factors in the model. Maybe there is no true causal relation in 
the series and the regression is spurious. On the other hand, we may have 
wrongly assumed that data in the time-series come from a single stochastic 
process. Statistically speaking, we assume collecting data from a single 
population. However, the major events have happened during the sample period 
may have caused changes in the structural relations between variables. That is 
why further testing in different subperiods is required.  
In order to address the second argument, we must test parameter stability over 
time. That can be done in two ways; by conducting either a Chow Test or a 
Predictive Failure Test. The (Forward) Predictive Failure Test uses all but the 
last 5%-20% of data in the time series to form a sub-sample. The sub-sample RSS 
is compared to the total sample RSS according to a test statistic. If the total 
sample RSS adequately forecasts the values of the “test” sample (which consists 
of the last 5%-20% of data points) then our model can be considered stable. The 
Chow test is a variance analysis test which compares the parameters of sub-
sample regressions. It can help us find out whether parameters are stable. 
Unstable parameters imply different stochastic processes over time, structural 
breaks, nonlinearities or even the absence of a causal relationship. 
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APENDIX A 
Actual, Fitted and Residual Graphs & Estimation Outputs of the six 
Portfolios (July ’99 – June ’09) 
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APENDIX B 
Correlogram of Residuals and Q-Statistics (July ’99 – June ’09) 
 
 
 
54 
 
 
 
55 
 
 
 
56 
 
 
 
57 
 
 
 
58 
 
 
 
